We present rna22, a method for identifying microRNA binding sites and their corresponding heteroduplexes. Rna22 does not rely upon cross-species conservation, is resilient to noise, and, unlike previous methods, it first finds putative microRNA binding sites in the sequence of interest, then identifies the targeting microRNA. Computationally, we show that rna22 identifies most of the currently known heteroduplexes. Experimentally, with luciferase assays, we demonstrate average repressions of 30% or more for 168 of 226 tested targets. The analysis suggests that some microRNAs may have as many as a few thousand targets, and that between 74% and 92% of the gene transcripts in four model genomes are likely under microRNA control through their untranslated and amino acid coding regions. We also extended the method's key idea to a low-error microRNA-precursordiscovery scheme; our studies suggest that the number of microRNA precursors in mammalian genomes likely ranges in the tens of thousands.
INTRODUCTION
MicroRNAs are short RNAs that either degrade or disrupt translation of mRNA transcripts post-transcriptionally in a sequence-specific manner (Filipowicz, 2005; Hammond, 2005; Hannon, 2002; Mattick and Makunin, 2005) . Early studies suggested only a limited role for RNAi but the subsequent discovery of many endogenously encoded microRNAs (Lagos-Quintana et al., 2001 ; Lee and Ambros, 2001 ) pointed toward the possibility of this being a more general control mechanism (Hobert, 2004) . More recent evidence has added support to the hypothesis that a much wider spectrum of biological processes may be affected by RNAi (Croce and Calin, 2005) .
The computational methods for detecting microRNA binding sites that have been published thus far are diverse. One group of approaches (Enright et al., 2003; John et al., 2004; Kiriakidou et al., 2004 ) is based on variants of the dynamic programming solution to the ''local suffix alignment'' problem (Gusfield, 1997) . A second group is ''signature-based'' with the signature derived from the first few nucleotides (typically positions 2 through 8 inclusive) of the microRNA's 5 0 region; this signature is referred to as the ''seed'' or ''nucleus'' (Krek et al., 2005; Lewis et al., 2003 Lewis et al., , 2005 Rajewsky and Socci, 2004) . Other schemes use hidden Markov models to find seed matches or calculate binding interactions for every offset of the target sequence of the microRNA and subselect those relative placements that are deemed significant according to an energy-based statistical measure (Rehmsmeier et al., 2004) . All these computational methods can be applied to individual genomes in isolation; however, enforcing the conservation of a potential binding site at orthologous positions across multiple species has been used as a typical filtering criterion prior to reporting results. The inherent difficulty of the microRNA target prediction problem is underscored by the fact that the number of confirmed heteroduplexes remains small by comparison to the expended effort and by the observation that predictions made by the various algorithms generally have little overlap (Rajewsky, 2006) .
In this study, we present rna22, a pattern-based approach for the discovery of microRNA binding sites and their corresponding microRNA/mRNA complexes. Rna22 has high sensitivity, is resilient to noise, and can be applied to the analysis of any genome without requiring genome-specific retraining. It is also distinct from previously reported methods in that it obviates the use of a cross-species sequence conservation filter, thus allowing the discovery of microRNA binding sites that may not be present in closely related species. Rna22 can identify putative microRNA binding sites without a need to know the identity of the targeting microRNA; this permits the identification of binding sites even if the targeting microRNA is not among those currently known. Using luciferase reporter assays, we offer new insights regarding the principles that govern the recognition of targets by microRNAs, provide experimental support that for a large fraction of rna22-predicted targets the observed repression will be substantial, and present evidence that some microRNAs may have as many as a few thousand targets. We also describe a methodological extension that allows the prediction of microRNA precursors from genomic sequence and use it to estimate the number of microRNA precursors in several genomes. The results of this work suggest that in a given genome the true numbers of microRNA precursors, microRNA binding sites and affected gene transcripts may be substantially higher than currently hypothesized and that, in addition to 3 0 UTRs, numerous binding sites likely exist in 5 0 UTRs and CDSs.
RESULTS
A flowchart showing the various steps of the rna22 method can be seen in Figure 1 . Below, we present and discuss each of the steps in detail.
Input Preparation
We processed the 644 mature microRNA sequences contained in Release 3.0 (January, 2004) of RFAM (GriffithsJones et al., 2003) . We worked with a 2-year-old release of the RFAM database in order to gauge the ability of our method to extrapolate from a small repository of available knowledge. Prior to processing, we removed identical and near-duplicate entries from this collection using a previously described scheme (Rigoutsos et al., 2006) that is based on BLASTN : no two remaining sequences from the final set of 354 agree on more than 90% of their positions.
Pattern Discovery
The Teiresias algorithm (Rigoutsos and Floratos, 1998) was used to discover variable-length motifs (''patterns'') in the mature microRNA sequences of the cleaned-up input. These motifs comprise a minimum of L = 4 nucleotides, have at least 30% of their positions specified (i.e., W = 12) and appear a minimum of K = 2 times in the processed input (see the Supplemental Data available with this article online, regarding the values of L, W, K). The algorithm guarantees the reporting of all composition-maximal and length-maximal patterns that satisfy the given parameters. Conserved sequence segments of the type discussed here are typically represented by regular expressions with varying degrees of descriptive power (Brazma et al., 1998) . In this analysis, we use expressions that comprise a combination of literals (solid characters from the alphabet of permitted symbols), wildcards (each denoted by ''.'' and representing any character), and, sets of equivalent literals with each set being a small number of symbols any one of which can occupy the corresponding position. One such pattern is [AT] [CG].TTTTT[CG]G.. [AT] , all instances of which have their first position occupied by either an A or T, their second position by a C or G, their third position by any nucleotide, their fourth position by a T, etc. The distance between two consecutive occupied positions is unchanged across all instances of the pattern (= ''rigid patterns'') (see Supplemental Data for a discussion). Using actual genomic data, we trained a second-order Markov chain and used it to estimate each pattern's statistical significance (see Supplemental Data) discarding patterns with estimated log-probability R À38. At the end of this stage, 233,554 mature-microRNA patterns remained.
Identification of ''Target Islands''
The key idea behind rna22 is the use of a redundant yet flexible representation of the knowledge contained in the training set. The latter captures available knowledge in the form of mature microRNA sequences. Through the pattern discovery step, we identify salient, conserved sequence features that we represent using patterns: as a collection, these patterns capture the original body of knowledge but in a different and, importantly, redundant manner: sequence segments from the original input will now be represented by multiple patterns each of which appears, by design, in two or more sequences.
Because the patterns we use are statistically significant, we can treat them as ''predicates.'' If a sequence T contains one or more of these patterns, then T is likely a member of the same class as the training set sequences from which the patterns were derived -the higher the number of patterns present in T, the higher the degree of certainty in this membership. The underpinnings of our method have their origins in the ''guilty-by-association'' approach that was introduced more than 20 years ago (Doolittle et al., 1983) and gave birth to the field of nucleotide and amino acid sequence comparison. During the last decade, guilty-by-association schemes have been applied with success to many, diverse problems from computational biology (Darzentas et al., 2005; Ettwiller et al., 2003; Murphy et al., 2003; Neduva et al., 2005; Rigoutsos et al., 2002 Rigoutsos et al., , 2003 Shibuya and Rigoutsos, 2002) .
Mature microRNAs bind to 3 0 UTR targets through hybridization of complementary base pairs. Since our pattern collection captures sequence features of mature microRNAs that are conserved but not necessarily contiguous, it follows that the reverse complement of such patterns will permit us to locate conserved sequence elements in the untranslated regions of interest and, thus, putative microRNA binding sites. The dereferenced positions in the reverse complement of each mature microRNA pattern point to salient features shared by the UTR sequence at hand and the reverse complement of known microRNA sequences. The high number of patterns clustering around specific UTR locations in conjunction with the patterns' statistical significance and the ''guilty-byassociation'' approach allow us to associate such ''hot spots'' with putative microRNA binding sites. It is important to realize that we can identify these hot spots simply by using the multiple patterns from our collection and without reference to any specific microRNA. We use the term ''target island'' to refer to any hot spot where the reverse complement of mature microRNA patterns aggregate. A pattern's instance contributes a vote of ''+1'' to all the UTR locations that the instance spans: all sequence regions comprising contiguous blocks of locations receiving R30 votes are treated as putative micro-RNA binding sites. It may happen that consecutive locations with above-threshold support span a region R with length ' R < 22 nucleotides: to ensure that we capture the remaining 22-' R positions of the site whether they lie to the left or the right of R, we report a 36-nucleotide segment centered on R.
The identification of target islands effectively focuses the algorithm's subsequent steps to only those regions that receive support by the reverse complement of many mature microRNA patterns. The step uses microRNA sequence features to discard UTR regions that are not likely to be microRNA binding sites. This is also a key element behind rna22's noise resilience and we revisit it below in the context of extreme distributions.
Associating MicroRNAs with Target Islands
As we will see, the typical target island is short in length and a fraction of the original UTR's length. Once we locate a putative microRNA binding site in the form of a target island, we determine the identity of the microRNA(s) that will bind to it in a straightforward manner: we pair each one of the available microRNAs with each generated target island, for all possible relative offsets. Given a putative pair of the form microRNA/island-segment we insert the linker GCGGGGACGC between the two sequences, form the heteroduplex ''microRNAlinker-island segment'' and use the Vienna package (Hofacker et al., 1994) to predict the structure of the duplex and its Gibbs free energy (''folding energy'').
M, G and E are three user-specified parameters that control the algorithm's output. M is the minimum required number of base-pairs between the microRNA and the target (excluding base-pairs in the linker). G is the maximum allowed number of unpaired bases in the seed region. E is the algebraically maximum allowed free energy, in Kcal/mol. Note that rna22 imposes no restrictions on the number of G:U pairs that can appear in the seed-region of a complex. Typical settings are M = 14, G = 1, E = À20 Kcal/mol (the linker contributes approx. À5.6 Kcal/mol to the E value).
In rna22, the reporting of a binding site is not predicated on whether the corresponding sequence is conserved across species. It is also not predicated on the existence of the reverse complement of a microRNA's seed region in the sequence at hand. Instead, rna22 recognizes a binding site based on the presence of multiple, distinct, statistically significant patterns that have been discovered by processing known mature microRNA sequences. Not needing to know the identity of the microRNA that targets a binding site permits the delineation of binding sites for
as-yet-unidentified microRNAs (see below for a discussion of the cel-lsy-6 case).
Extreme Distributions, Spurious Binding Sites and the Importance of Target Islands
We can abstract the problem of computational detection of microRNA targets as follows: ''given a UTR sequence S UTR of length L UTR , and a specific microRNA m of length L microRNA , identify the location(s) in S UTR where m will bind.'' If m denotes the reverse complement of m, then the target detection problem can be cast as one of ''local sequence similarity'' detection (Gusfield, 1997) , where one seeks to locate one or more matches for m in S UTR subject to maximizing a quality measure that rewards matches and penalizes insertions, deletions and G:U pairs.
If m binds somewhere in S UTR , then the short segment corresponding to the binding site will be similar to m. This is not a sufficient condition: m can have a good sequence agreement with a segment of S UTR and predicted to form an energetically stable complex, but this does not necessarily mean that the segment in question is a true binding site for m. Such sequence-based agreements, which we refer to as spurious matches, have a nonzero probability and will arise by chance when S UTR is a true UTR that does not contain a binding site for the microRNA at hand, or when S UTR is a randomly generated sequence of nucleotides.
The statistics governing spurious sequence matches have been studied in the context of sequence similarity detection (Karlin and Altschul, 1990 ) and form the backbone of the BLAST suite of algorithms . Summarily, when comparing two random sequences of lengths L 1 and L 2 , the number of matches that are expected by chance and have score R S can be approximated by a Poisson distribution whose mean value E is given by
Here l and K are constants that depend on the used scoring system and the database respectively. For the problem at hand, L 2 is the length of m, i.e., L 2 = L microRNA z 22 nucleotides. However, L 1 = L UTR and can vary widely. Even though the original derivation of Equation 1 assumed that a local alignment between the two random sequences contained no gaps, this equation has been shown to also apply in the case where gaps are allowed (Altschul and Gish, 1996) and thus we can use it to analyze the case of microRNA target detection. Equation 1 effectively captures the behavior of all micro-RNA-target-detection methods that identify binding sites through comparison of the two sequences of nucleotides that form the putative microRNA/mRNA heteroduplex. The equation can also be used as a proxy for estimating the rate of spurious matches when binding sites are identified by analyzing the structure and Gibbs energy of a putative complex (Rehmsmeier et al., 2004) : indeed, the higher the sequence similarity between m and the putative binding site the better the predicted structure's quality and the lower its Gibbs energy, and vice versa.
The probability that a microRNA target detection algorithm will report one or more spurious microRNA binding sites is P 0 = 1-exp(-E), with E given from Equation 1. P 0 depends on the length of the UTR in which one seeks matches: the longer the UTR, the higher the likelihood that one or more spurious binding sites will be reported for the microRNA at hand. P 0 also depends on the value of the score S of the sequence match between m and the putative binding site and, by extension, on the quality of the putative microRNA/mRNA binding: the fewer the matched base pairs in the putative complex the higher the probability that the complex is spurious in nature. Here, we only examine the impact of a UTR's length on the probability of generating spurious matches. This analysis allows us to evaluate qualitatively all of the current microRNA-target-detection methods: the conclusions are applicable to methods that report ''full-length'' binding sites as well as to ''seed-only'' methods.
If a target detection algorithm focuses only on a portion of S UTR while ignoring the rest of it, then the probability that this algorithm will report one or more spurious matches is reduced. Indeed, if the algorithm examines only (1/r)-th of the original UTR length, then substantial gains can be had with increasing r values. Figure S2 shows the factor by which the probability of reporting one or more spurious matches is reduced as a function of the value E from Equation 1, and for different values of r; microRNA target detection methods that explore the entire UTR sequence correspond to the r = 1 curve. The plot shows that if an algorithm seeks microRNA matches in only (1/r)-th of a given UTR, then the probability of the algorithm reporting one or more spurious matches is reduced by a factor approximately equal to r when compared to algorithms that seek matches in the full-length UTR. These gains persist for almost four orders of magnitude of E's values, i.e., across a very wide range of real-world scenarios.
Equation 1 and the preceding discussion show the importance of the target island idea. Rna22 effectively replaces the original UTR sequence by a set of nonoverlapping, small size fragments (''target islands'') wherein it seeks microRNA targets. The selection of targets islands is guided by the reverse complement of microRNA-derived patterns. This in turn ensures that rna22 selects all relevant locations in the UTR at hand before determining whether any of them is targeted by the given microRNA m; we discuss this in more detail in the next section.
Three more questions remain. How many target islands will rna22 extract from a given UTR? What is the average length of these target islands? Does rna22 determine the target islands ''correctly?'' Figure 2A shows the probability density function for the number of target islands that rna22 derives from the 25,589 3 0 UTRs in the processed ENSEMBL release of the human genome. Figure S3 shows the distribution of target island lengths.
In earlier work, Equation 1 was found to be conservative for short sequences: it generates too large values for E and a correction is required to account for the so-called ''edge effects'' (Altschul and Gish, 1996) . This correction replaces the original lengths by their ''effective lengths'' that result if we subtract the length l typical of a typical optimal subalignment; in the case of microRNA target detection l typical is $20 nucleotides. For target detection algorithms that process full-length UTRs such a correction has negligible impact (Altschul and Gish, 1996) but is 0 UTRs in our database and show the corresponding probability density function and the cumulative in Figure 2B . For a large portion of these sequences, the reduction r effective of the UTR length is by a factor of 3 or higher. We also computed r effective for all worm, fruit fly, and mouse 3 0 UTRs and the resulting distribution of values is similar (data not shown). Figure S2 shows this length reduction directly translating into a very substantial decrease in the probability of rna22 reporting spurious matches compared to target detection methods that seek targets by processing full length UTRs. We will see below that, in practice, the generation of target islands has an even more pronounced beneficial effect and that the resulting rate of false positives is low.
An important corollary arises from this analysis. For the four model genomes, namely worm, fruit fly, mouse and human, the average 3 0 UTR (and 5 0 UTR) length increases monotonically from worm to human (Pesole et al., 2000) . All else being equal, this observation in connection with Equation 1 implies that, on average, any algorithm that reports microRNA binding sites by examining full-length UTR sequences will generate spurious matches with a probability that increases monotonically from worm, to fruit fly, to mouse, to human. In other words, a target detection method that is designed specifically for the fruit fly will report fewer spurious matches, on average, than a method that is designed specifically for the human genome.
Finally, we can see that filtering putative microRNA binding sites by requiring that they be conserved across species can decrease the number of expected spurious matches if and only if the length of the resulting orthologous segment is shorter than the length of the original UTR that contains it. The requirement of cross-species conservation for a binding site might improve a prediction algorithm's noise characteristics but at the cost of potentially discarding true binding sites if the latter are not conserved in the considered species.
In the next section, we examine how well rna22 captures binding sites that may be present in a given UTR.
Method Validation: Predicting the MicroRNA Binding Sites of Previously Reported Heteroduplexes
To date, only a relatively small number of microRNA binding sites have been validated experimentally in animals, and they come from a handful of species. We evaluated the ability of rna22 to correctly predict microRNA binding sites by determining how well it identified the sites for the experimentally supported heteroduplexes that have been published to date. This is a nontrivial task if one considers that we trained rna22 using a January 2004 instance of the RFAM database: consequently, any binding sites that rna22 predicts and which appeared in the literature after January 2004, are tantamount to correct de novo predictions. Figure 3 summarizes the results of this test. In each case, we show the plot of pattern support as a function of position within the corresponding 3 0 UTR. If rna22 correctly identified a binding site, the area under the support curve is shown in light green, otherwise it is shown in pink. For clarity, we only show the neighborhood around each reported binding site. Each plot title lists the name of the gene, the extent of the reported site and the length of the 3 0 UTR in this order. We only examined binding sites that were within the extent of the genes' known 3 0 UTRs. Recall that during target island detection, if the region that exceeds threshold is shorter than 22 nucleotides in length, then we report a 36-nucleotide segment that is centered on the original region (one such example is the case of the clock binding site). Rna22 successfully identifies 81%, or 17 out of the 21 full-length binding sites, i.e., sites with base-pairing that extends beyond the microRNA's seed or nucleus region. Later in the discussion, we revisit this topic and re-plot this graph after training rna22 with a recent RFAM release.
A notable result is the correct identification of the full extent of cel-lsy-6's binding site in the 3 0 UTR of the cog-1 gene from C. elegans (Johnston and Hobert, 2003) . The importance of the result stems from the fact that cel-lsy-6 is not contained in the January 2004 instance of the RFAM release that we used for training and shares no sequence similarities with any of the microRNAs contained in that release. In other words, the training set contains no explicit information about cel-lsy-6, yet rna22 is able to extrapolate from the available data and correctly identify this binding site.
Method Validation: Identifying the Correct MicroRNA for Previously Reported Heteroduplexes
Once we have identified all target islands in a given UTR, finding the corresponding microRNA that will bind to it amounts to forming complexes between the islands and each candidate microRNA and reporting the microRNA that satisfies the user-specified M, G and E parameters (see above). We applied this process to the 17 previously reported, full-length binding sites: in all 17 cases, rna22 correctly identified the originally reported microRNA as the one binding to the found site. 
Method Validation: Experimental Support for Novel Predictions Made by rna22
We used luciferase-reporter assays to test binding sites predicted by rna22. Each predicted microRNA binding site was inserted as a single copy directly downstream of a Renilla luciferase open reading frame (ORF). Examining one predicted target at a time is an important component of our stringent evaluation approach as any reduction in luciferase activity can be attributed to a single source.
We compared the relative luciferase activity of the control transfection (scrambled RNA oligo or empty plasmid vector -represented as 100%) to the activity when the cognate microRNA was added. A sequence antisense to each targeting microRNA formed a positive control. None of the three microRNAs with which we worked was predicted to target the sequence that is antisense to miR-21 so we used this antisense as one of the negative controls. In the Supplemental Data, we list the observed standard deviation about the mean (100%) of luciferase activity for negative controls: these observations served as guidance for requiring that luciferase repression of a predicted target be by a minimum of 30% before it can be reported. To ensure repeatability of the tests, and for each one of the predictions that we tested, we carried out the assay three times and with four culture-replicates and recorded the average and standard deviation of relative luciferase activity in each case.
We worked with three murine microRNAs: mmu-miR-375, mmu-miR-296 and mmu-miR-134. MiR-375 was included because its human homolog was characterized and shown to regulate insulin secretion by binding to myotrophin (Poy et al., 2004) . The two other microRNAs, miR-296 and miR-134, were included because they are upregulated during embryonic stem cell differentiation.
Requiring a minimum of M = 14 matching base pairs between the microRNA and a target, at most G = 1 unpaired bases in the seed region, and binding energies [ E = À22 Kcal/mol for the microRNA/mRNA complex, we predicted 2292, 271 and 2318 targets for miR-375, miR-296 and miR-134 respectively. Since we could not test all these predictions, we randomly subselected among them and tested 44 predicted targets for miR-375, 24 for miR-296, and 158 for miR-134. Figure 4 shows the results of these assays separately for each microRNA. Luciferase activity was suppressed by at least 30% for 168 out of the 226 tested predictions; in fact, for more than half of the predictions we tested suppression ranged between 40% and 80%. The Supplemental Data lists the ENSEMBL ids and sequences for the 226 tested predictions.
Finally, we note that the recently reported miR-134 binding site in limk1 (Schratt et al., 2006) is among the set of rna22's predictions but had not been included in the randomly selected set with which we experimented. In subsequent experiments, we confirmed the limk1 binding site using our reporter assay and found the relative luciferase activity in the presence of miR-134 to be 38.1 ± 6.6%, i.e., miR-134 repressed its target by $60%.
Method Validation: False Positive Rate, Sensitivity, and Resilience in the Presence of Random Sequences We estimate rna22's false positive rate in three ways. First, we compute it as the ratio of the number of tested predictions that are repressed by less than 30% over the total number of tests. This is equal to 100 À (27 + 12 + 129) / (44 + 24 + 158) = 100 À 168 / 226 = 25.7%.
The second method is more involved. Recall that each of the 168 tested targets for which luciferase repression R30% was the unique prediction made by rna22 for the tested microRNA and the corresponding 3 0 UTR. As such, these 168 3 0 UTRs represent a ground truth set in that each of them contains exactly one validated binding site for the corresponding microRNA (miR-375, miR-296, or miR-134). Ideally, if a target detection algorithm were presented with shuffled instances of these 3 0 UTRs, it should report no binding sites for miR-375, miR-296 and miR-134 respectively. Any sites that would be reported on a random input could be used to estimate the false positive rate. Rna22 reports 4 binding sites in the shuffled instances of the 27 3 0 UTRs that contain the validated targets for miR-375. Moreover, after processing shuffled instances of the 12 3 0 UTRs containing the validated miR-296 targets and of the 129 3 0 UTRs containing the validated miR-134 targets, it reports 0 and 28 binding sites respectively. This is a total of 32 erroneously reported binding sites on these 168 randomized 3 0 UTRs, or a false positive rate of 32/168 = 19.0%.
The third method takes into account Equation 1 and the relationship between UTR length and the number of spurious binding sites. In our opinion, this is a more realistic measure of an algorithm's performance and we define it as ''the average number of binding sites that the algorithm reports per 10,000 nucleotides of randomized input.'' Since edge effects can be important, one should not attempt to generate estimates of this measure by generating random strings of arbitrary length; rather, this number should be estimated from shuffled instances of 3 0 UTRs that are known to contain binding sites. The 3 0 UTRs in which our 168 validated predictions reside total 313,057 nucleotides. Since rna22 reports 32 spurious binding sites after processing shuffled instances of these sequences we conclude that its performance is ''1.0 spurious binding sites for every 10,000 nucleotides of randomized sequence processed.' ' We conclude by estimating rna22's sensitivity. This measure is more difficult to compute than the false positive rate because sensitivity is linked intimately to the richness of the set that each algorithm uses as its knowledge repository. Moreover, it assumes that all available true positives are obtained using the same protocols and thresholds. First, we approximate rna22's sensitivity using the results of Figure 3 : rna22 identified 81% (17 of 21) of the full-length and 36% (5 of 14) of the seed-only binding sites from among those previously reported, for a total of 22 out of 35 sites, or 63%. To demonstrate the above point, we recomputed the sensitivity of rna22 after retraining with a more recent snapshot of RFAM from December 2005. Figure 5 shows the new plots: rna22 now identifies 95% (20 of 21) of the full-length and 64% (9 of 14) of the seed-only binding sites, or a total of 29 out of 35 sites which corresponds to a sensitivity of 83%.
New Insights on the Rules Governing MicroRNA/Target Recognition Our reporter assays permit several observations regarding the rules that govern target recognition by microRNAs. Some of our mouse-derived results differ from earlier reports that were obtained in the fruit fly (Brennecke et al., In all the plots, the y axis shows the relative level of luciferase expression, whereas points along the x axis correspond to the various tested predictions. See Supplemental Data for ENSEMBL identifiers and tested target sequences. Luciferase vector without MRE is shown as psiCHECK2. Error bars, SD for n = 12 repetitions. AS-miRXX indicates the sequence that is anti-sense to miR-XX and XX is one of 375, 296, 134, 21. See also text.
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) providing yet another testimony of how complex the problem at hand is. Analysis of our 168 validated targets showed that: Extensive, Bulge-Free Base-Pairing to the 5 0 End of the MicroRNA May Not Always Lead to Substantial Repression Tested miR-375 targets #32, 34, 40, 42, and 43 (see Figure 4 and Supplemental Data) are predicted to form complexes with 9, 10, 11, 10, and 11 base pairs respectively that are uninterrupted, bulge-free and begin at position 2 from the microRNA's 5 0 end; despite these extensive base pairings, the observed repression was less than 30%. Multiple G:U Pairs Simultaneously Present with One or More Single-Nucleotide Bulges in the Seed Region Can Still Lead to Substantial Repression Tested miR-134 target #79 (Figure 4 and Supplemental Data) is predicted to form a complex with 2 G:U pairs and a single nucleotide bulge in the seed region yet it is repressed by 53%. Tested miR-134 targets #73, 125, and 128 are predicted to form complexes with 3 G:U pairs and a single nucleotide bulge in the seed region yet are repressed by $54%, 32% and 30% respectively. Target #94 forms a complex with 5 G:U pairs and a single-nucleotide bulge in the seed region yet is repressed by 46%. And finally, the complex for target #97 is repressed by 45% even though it contains 4 G:U pairs and two single-nucleotide bulges in the seed region. Asymmetric, Single-Nucleotide Seed-Region Bulges on the MicroRNA Side Do Not Necessarily Abolish Repression The complexes for tested miR-134 targets #131, 105, 128, 41, 65, and 127 (Figure 4 and Supplemental Data) contain no bulges in the region of the target opposite to the micro-RNA seed but have a single nucleotide bulge at positions 3, 5, 6, 7, 7, and 7 respectively of the microRNA seed. Despite these asymmetric bulges on the microRNA side, the corresponding targets are repressed by between $30% and 64%.
Genome-Wide Estimates of MicroRNA Binding Sites in 3
0 UTRs We analyzed the 3 0 UTRs of C.elegans, D. melanogaster, M. musculus and H. sapiens and estimated the number of microRNA binding sites they contain. Table 1A summarizes the findings: depending on the genome, between 74% and 92% of the known 3 0 UTRs contain one or more target islands (each of which corresponds to at least one putative binding site).
Extending the Method to the Discovery of MicroRNA Precursors
We also adapted the key idea underlying our microRNA target detection method to the problem of discovering microRNA precursors. We now make use of patterns derived from microRNA precursors to query an organism's genomic sequence and determine regions where these patterns aggregate: these regions are predicted to be putative microRNA precursors. We can find the corresponding mature microRNA(s) in these putative precursors simply by locating instances of the mature-micro-RNA-patterns and identifying which regions accumulate high-hit counts (see Supplemental Data).
We first used as our training set the 719 microRNA precursor sequences contained in Release 3.0 of RFAM (01/2004). After removing identical and near-duplicate entries, we obtained a nonredundant set of 530 sequences that we then processed with Teiresias. After discarding statistically insignificant patterns, a total of 192,240 micro-RNA-precursor patterns remained. Processing the intergenic and intronic regions of the four organisms of interest shows that we can identify de novo more than 3/4 of the microRNA precursors from the January 2004 training set. If we now repeat the above using as our training set the precursor sequences contained in the December 2005 instance of RFAM, the sensitivity rises to $93% (see Table S4 ).
In addition to discovering known precursors, the method also predicts many previously unreported, putative precursors. Table 2 lists the number of predicted precursors for four different genomes and for two folding-energy cutoffs: À25 Kcal/mol and À18 Kcal/mol. Even at the more stringent threshold of À25 Kcal/mol, our precursor estimates for all four genomes are substantially higher than what has been suggested previously (Berezikov et al., 2006) . The error rate for this precursor discovery scheme is estimated to be between 1% and 2% (see Supplemental Data). The high number of predicted human precursors is in concordance with the results of a recent independent analysis of human intergenic and intronic regions (Rigoutsos et al., 2006) .
DISCUSSION
We presented a pattern-based methodology for the identification of microRNA binding sites and the corresponding heteroduplexes. We also extended it to the discovery of microRNA precursors. We demonstrated the method's power by providing computational and experimental evidence and applied it to the analysis of several genomes. Based on our findings, and in addition to the results presented above, we can observe the following:
Insulin Secretion in Murinae Validated target #2 of miR-375 (see Supplemental Data for sequence information) is in the 3 0 UTR of Kv2, a member of the voltage-dependent K+ channel family. In addition, validated target #14 is in the 3 0 UTR of a GLP-2 receptor. Both of these targets are linked to insulin secretion (Kawai et al., 1995; MacDonald et al., 2001 ) raising the possibility that in mice/rats miR-375 may modulate the latter by acting on myotrophin and additional targets of the pathway.
A Single MicroRNA Can Have Numerous Targets
Most striking among the assays are those obtained for miR-134 and miR-375, where in 81.7% and 61.4% of the tested cases respectively repression was by at least 30%. If this ratio of success, which we observed by testing randomly selected targets, is representative of the situation then it follows that a large portion of the predicted miR-134 and miR-375 targets are likely true. In other words, microRNA miR-134 may have more than 129/ 158*2318 = $1,890 targets, and miR-375 may have more than 27/44*2292 = $1,400 targets. We conjecture that these two microRNAs are not an exception, and that many more microRNAs have numerous targets. This hypothesis is in congruence with the average number of transcripts that rna22 estimates are targeted by a single microRNA: focusing on 3 0 UTR targets alone, the numbers range from several tens of targets in the worm to about a thousand in the human genome (see Table S3 ).
Revisiting the Number and Location of MicroRNA Binding Sites
Since the presented method is not biased in any way in favor of 3 0 UTRs (its starting point is microRNA sequences and not 3 0 UTR sequences), we also applied it to the analysis of the 5 0 UTRs and CDSs of the four genomes under consideration. Parts (B) and (C) of Table 1 summarize our findings. Depending on the genome, between 31% and 53% of the known 5 0 UTR sequences are predicted to contain one or more targets. For CDSs, almost every amino acid coding sequence is predicted to contain one or more targets, in an apparently genome-independent manner. It is interesting that in all cases (5 0 UTR, CDS, 
3
0 UTR) the number of discovered target islands is roughly 1/100 of the number of examined nucleotides. Even though we provided evidence for the method's low rate of false positives in the case of 3 0 UTRs, it is not clear that we can extrapolate and assume that the same error rate also applies to rna22's predictions in 5 0 UTRs and CDSs. Nonetheless, even if we dismiss a considerable fraction of the predicted binding sites in 5 0 UTRs and CDSs as erroneous, the large cardinalities raise the distinct possibility that fairly extensive microRNA regulation may be effected through the 5 0 UTRs and CDSs of gene transcripts in animals, in addition to 3 0 UTRs.
Revisiting the Number of MicroRNA Precursors
Analysis of the four model organisms indicates that the number of endogenously encoded microRNA precursors may in fact be substantially higher than currently hypothesized, in all four studied genomes ( Table 2 ). The method's estimated low false-positive rates further support this conjecture. We emphasize that, for each predicted precursor, rna22 also reports the mature microRNA(s) contained therein, in direct contrast to other methods that often cannot predict the location of mature microRNAs (for a discussion, see Berezikov et al., 2006 ) (see Supplemental Data for an example).
EXPERIMENTAL PROCEDURES
Cell Culture HEK 293T/17 (ATCC: CRL-11268) cells were cultured in Dulbecco's modified Eagle's medium (DMEM; Gibco Life Technology, MD, USA, http://www.invitrogen.com) supplemented with 10% heat-inactivated fetal bovine serum (FBS; Gibco) and penicillin/streptomycin (Gibco), maintained at 37 C with 5% CO 2 .
Synthetic MicroRNA Oligos
Pre-miRÔ microRNA-134 precursor (134 MM) and the scrambled (Scr) RNA oligomer (AGACUAGCGGUAUCUUUAUCCC) were from Ambion, TX, USA, http://www.ambion.com.
MiR-375/MiR-296/MiR-21 Overexpression Vector Construction To generate the overexpression vector for mmu-miR-375, a 500bp fragment was amplified by PCR from mouse genomic DNA using the Expand High Fidelity system (Roche Diagnostics, Germany, http:// www.roche-applied-science.com) and inserted into a modified pIRES-EGFP vector (EcoRI and BamHI sites; Clontech, CA, USA, http://www. clontech.com). To generate the mmu-miR-296 and mmu-miR-21 overexpression vectors, 500bp fragments were amplified by PCR from mouse genomic DNA using the Expand High Fidelity system (Roche) and inserted into the pLL3.7 lentiviral vector (Xho I and Hpa I sites; a kind gift from the Center for Cancer Research, MIT).
Luciferase Reporter Construct and Target Validation Assay
The predicted microRNA binding sites (= microRNA-responseelement or MRE) were synthesized as sense and antisense oligomers, annealed and cloned into psiCHECK-2 (Xho I and Not I sites, Promega, WI, USA http://www.promega.com), directly 3 0 -downstream of Renilla Luciferase (MRE-RLuc). 293T cells were seeded 24 hr before transfection at a density of 5 3 10 4 cells/well in 96-well plates. In the target validation of miR-375 and miR-296, 120 ng of overexpression vector or empty vector were cotransfected with 2 ng of the MRE-RLuc reporter vector using Lipofectamine 2000 (Invitrogen, CA, USA, http://www. invitrogen.com). In the target validation of miR-134, 12.5 nM of miR-134 MM or Scr oligo were cotransfected with 2 ng of the MRE-RLuc vector. Concurrently, additional controls were also performed using unpredicted MRE-RLuc (e.g., antisense to miR-21) vs cognate micro-RNA or predicted MRE-RLuc vs noncognate microRNAs (e.g., mmumiR-21). In all cases, a constitutively expressed Firefly luciferase gene activity in psiCHECK-2 served as a normalisation control for transfection efficiency. 48h posttransfection, Firefly and Renilla luciferase activities were measured consecutively with the Dual-Luciferase Ò Reporter system (Promega) by a luminometer (Centro LB960; Berthold Technologies Gmbh & Co. KG, Germany, http://www.bertholdtech. com). All luciferase assays were repeated a minimum of three times with 4 culture replicates each.
Statistical Analysis
Student's nonpaired t test was used to determine the significance of transfected cells relative to control transfected cells.
Supplemental Information
An implementation of rna22 is available online at: http://cbcsrv. watson.ibm.com/rna22.html.
Supplemental Data
Supplemental Data include six figures, four tables, Supplemental References, and three Excel spreadsheets and can be found with this article online at http://www.cell.com/cgi/content/full/126/6/1203/ DC1/. 
